T he benefi ts of any surgical procedure are heavily infl uenced by the accompanying morbidity and mortality. Complications after surgery not only worsen outcomes but also prolong hospital stay and are associated with a signifi cantly increased cost in hospital care. 1-3 Pulmonary complications account for 10% to 40% of postoperative complications after abdominal and vascular surgeries. [4] [5] [6] Postoperative respiratory failure (PRF) is commonly understood as failure to wean from mechanical ventilation within 48 h of surgery or unplanned 
collection, NSQIP has developed different training mechanisms for the SCNR and conducts an interrater reliability audit of participating sites. 11 The combined results of the audits revealed an overall disagreement rate of approximately 1.99% for all assessed program variables. The processes of SCNR training, interrater reliability auditing, data collection, and sampling methodology have been previously described in detail. [11] [12] [13] [14] 
Patients
Patients who underwent surgeries listed in Table 1 were studied (2007 data set: n 5 211,410; 2008 data set: n 5 257,385). Data obtained included demographic, lifestyle, comorbidity, and other variables. The list of variables extracted is mentioned in e-Appendix 1.
Outcome
The primary end point was PRF through 30 days following surgery. PRF was said to have occurred if patients: (1) had an unplanned intubation during their surgery or postoperatively, (2) were reintubated postoperatively once extubated, or (3) required mechanical ventilation for . 48 h postoperatively.
If the patient returned to the operating room for any reason and was intubated as part of the anesthesia/surgery, then it was not counted as a reintubation. If a patient self-extubated and had to be reintubated, then also it was not counted as a reintubation.
Statistical Analysis
Using patients from the 2007 NSQIP data set, univariate exploratory analysis was performed using Pearson x 2 test or Fisher exact test for categorical variables, and T or F test for continuous variables. Stepwise multivariate logistic regression was carried out to assess risk factors predictive of PRF, thus creating the "full" model. To address the possibility that the surgery type might interact with any of the other variables, we included all secondorder interaction terms involving surgery into the list of candidate variables.
To reduce the number of risk factors, we then created a parsimonious model by sequentially removing variables from the full model. A forward selection procedure was applied to select a predetermined number of variables into the fi nal logistic model from a list of candidate variables, which in this analysis includes all preoperative variables. A Bayes Information Criterion (BIC) vs model size plot was created to determine the number of variables in the fi nal parsimonious model. 15 The model with 21 variables gave the lowest BIC, with a minimal increase in BIC on further reduction of the number of variables to fi ve. Thus, because of the minimal difference in BIC and to reduce the complexity and make the model practically usable, the number of variables included in the fi nal parsimonious model was determined as fi ve. Furthermore, more than fi ve variables in the model did not signifi cantly improve the c-statistic, and there was also a minimal loss in the calibration with this approach. Statistical analysis was performed using SAS, version 9.2 (SAS Institute; Cary, North Carolina). P value , .05 was considered signifi cant.
Risk Model Performance
The accuracy of a logistic regression model is usually assessed by its discrimination and calibration, with both being used in this study. 16 Discrimination measures how well a model can distinguish between cases (who develop PRF) vs noncases (who do not develop PRF). Discrimination is usually assessed by c-statistic, also known as the area under the receiver operating characteristic intubation/reintubation postoperatively. It is one of the most serious pulmonary complications and is associated with marked increases in length of stay, morbidity, and mortality. 7, 8 Most previous studies assessing risk factors for postoperative pulmonary complications have studied them in aggregate; few studies have assessed risk factors associated solely with PRF. As most of these are single-institution, retrospective studies, their limitations are extensive. 9, 10 Although two large multicenter studies have assessed the risk factors associated with PRF, both were Veterans Affairs Surgical Quality Improvement Program (VASQIP) based. 7, 8 One included only patients from Veterans Affairs (VA) and excluded women. The other pooled patients from 128 VA hospitals with those from 14 non-VA hospitals, again making their population primarily VA-based. Further, although one of these stud ies divided surgeries based on the incision site-and not the organ involved-the other included only general and vascular surgery cases.
Since the publication of these two multicenter stud ies, there has been signifi cant evolution of the National Surgical Quality Improvement Program (NSQIP) data set. The sample size has grown significantly ( . 180 hospitals now contribute data), and data for women and cardiac surgery patients are now included. 11 The database is thus not only useful for institutional and individual quality assessment, but it provides a mechanism to facilitate further improvement in outcomes.
Given the paucity of comprehensive data on the subject, we used the American College of Surgeons (ACS) NSQIP database to study the association of PRF with postoperative length of stay, morbidity, mortality, and other clinical outcomes. We analyzed the NSQIP data set to assess the risk factors for PRF among all surgical patients, including a comparison of different types of surgeries with respect to their risk of developing PRF. We used these risk factors to develop a validated risk calculator. Knowledge of these risk factors might help guide optimization of select preoperative medical conditions, which may reduce the incidence of PRF and improve outcomes.
Materials and Methods

Data Set
As this study used a publicly available national data set, it was exempt from IRB review. Data were extracted from the 2007 and 2008 ACS NSQIP Participant Use Data Files. 11 These are multicenter, prospective databases with 183 (year 2007) and 211 (year 2008) participant academic and community US hospitals. In NSQIP, a participant hospital's surgical clinical nurse reviewer (SCNR) captures data using a variety of methods, including medical chart abstraction. The data are collected based on strict criteria formulated by a committee. To ensure high-quality data directly using the logistic regression model. The multiple logistic regression model is as follows:
where L represents the natural log of the odds of PRF, b 0 is the intercept for the model, k represents the number of parameters needed for the preoperative predictors of PRF, b 1 through b k represent the model parameters corresponding to the selected predictors of PRF, and x 1 through x k represent patient data corresponding to the selected predictors of PRF. Categorical predictors such as procedure type are incorporated into the model using reference coding. This means that one level of the categorical predictor is chosen as a reference category, and the remaining levels of the predictor are compared with the reference. For example, there are 21 different entries for procedure ( Table 1 ) , so the model has 20 b parameters and x variables that describe the difference between the reference procedure (hernia surgery) and each of the other 20 procedures in terms of log-odds of PRF.
The parameter estimates and standard errors for the model are presented in the results section. These estimated coeffi cients can be used to estimate the logit for a patient by substituting the patient's data along with the estimated coeffi cients into the logistic regression equation. If the patient belongs to the reference group for a categorical variable, then all of the x values associated with that variable in the model are zero. If the patient belongs to a nonreference group, then the appropriate x value is equal to one, and all other x values associated with the categorical variable are zero. The estimated probability percentage of PRF for a patient is then computed using the following formula: estimated probability 5 1ˆLˆL e 1 e (ROC) curve. The c-statistic ranges from 0.50 (no better than fl ipping a coin) to 1.00 (model is 100% correct). Calibration (Hosmer-Lemeshow test) measures a model's ability to generate predictions that are on average close to the average observed outcome. In studies with large sample sizes, it is suggested to construct a calibration graph of observed vs predicted event. 16 If the model calibrates well, there will not be a substantial deviation from the 45-degree line of perfect fi t.
Risk Model Validation
Once a suitable model was chosen based on the 2007 data set, an independent data set (2008 data set) was used to validate the model. The model validation applied the trained model from the 2007 data set to estimate PRF probabilities for all patients in the 2008 data set. These estimated probabilities were then compared with actual PRF status in the 2008 data set by computing a c-statistic. To do this, an ROC curve was constructed based on the sensitivity and specifi city of the predictions from the 2007 model on the 2008 data set for various prediction cut points. The c-statistic is equivalent to the area under this ROC curve and was computed using the trapezoidal rule. This c-statistic refl ects how much predictive accuracy the trained (2007) model has on the 2008 data set. If this c-statistic shows favorable predictive accuracy, then the model is considered validated. As previously described in literature, similar results for discrimination indicate validation in an independent data set. 7, [17] [18] [19] 
Development of Risk Calculator
Once the model was validated, it was used to develop the risk calculator, which takes the form of an interactive spreadsheet that accepts patient covariate information and returns estimated probability percentage of PRF based on the validated model. Alternatively, one can generate the estimated PRF probability appropriate coeffi cient estimates into the standard logistic regression model to compute the estimated logit and then translating this logit into the probability scale as described in the "Materials and Methods" section.
The 
The selected model was then used to develop an interactive risk calculator. When the required input is entered into this calculator for a given patient, it returns a model-based percent estimate of PRF.
Discussion
Over the past few decades, signifi cant emphasis has been given to identifi cation of risk factors for postoperative cardiac complications. 17, [20] [21] [22] In comparison, few studies have assessed risk factors for pulmonary complications, including PRF-one of the most serious pulmonary complications. Khuri et al 23 
Results
Univariate Analysis (2007 Data Set)
Of 211,410 patients in the 2007 NSQIP data set, PRF was seen in 6,531 patients (3.1%). In the 2008 data set used for validation (n 5 257,385), PRF was seen in 6,590 patients (2.6%).
PRF was signifi cantly associated with a multitude of variables ( P , .0001 for all) ( Tables 2, 3 ). Postoperatively, patients with PRF had more complications than those without PRF. Death within 30 days was signifi cantly higher in patients with PRF (25.62% vs 0.98%; P , .0001).
Multivariate Analysis for PRF (2007 Data Set)
Preoperative variables signifi cantly associated with an increased risk for PRF in the 21-variable model are mentioned in e-Appendix 2. Preoperative variables signifi cantly associated with an increased risk for PRF in the fi nal model included American Society of Anesthesiologists (ASA) class, dependent functional status, emergency procedure, preoperative sepsis, and type of surgery ( Table 4 ) . None of the second-order interaction terms involving surgery was chosen, which suggests that there was not substantial interaction between surgery type and any of the other variables in the model.
Development and Validation of Risk Model
The 2007 data set was used as the training set in order to develop the model, and the 2008 data set served as the validation set. The risk model included signifi cant predictors from the 2007 data set. The parameter estimates and their SEs are summarized in Table 4 . Table 4 can be used to generate probability estimates identical to the risk calculator by inserting the This study is the fi rst to attempt to study PRF across a broad population base that includes both genders, academic and community hospitals, and multiple found PRF to be an independent predictor of 30-day and long-term mortality. In their adjusted analysis, Dimick et al 24 found respiratory complications to be associated with the largest attributable cost as well as the largest increase in hospital length of stay (by 5.5 days). These studies collectively sug-emergency case, and preoperative sepsis were also found to be associated with PRF. Overall, the type of surgery performed had the largest difference in terms of risk for PRF, with brain, foregut/hepatopancreatobiliary, and aortic surgeries being associated with the highest risk. The PRF risk calculator was developed to aid in the surgical decision making and informed consent process. It is in the form of an interactive spreadsheet and is available online at http://www.surgicalriskcalculator. com/prf-risk-calculator for free download.
A few previous studies in other disciplines have used logistic regression models to create point-based score systems. We instead chose to develop a risk calculator based directly on the logistic regression model. This approach allowed direct modeling and prediction of PRF, rather than using one model to assess PRF and another to predict risk based on a point system. Hence, no loss of accuracy for using a surgical subspecialties. PRF was seen in 3.1% of patients in this study, which compares to 3.4% and 3.0% as reported in the two prior (2000 and 2007) VASQIP studies. 7, 8 Death within 30 days was seen in 26% of patients with PRF. This again compares well to the VASQIP studies, where 30-day mortality rates of 27% were reported. Rates of PRF and the associated 30-day mortality are thus strikingly similar between the academic, community, and VA hospitals across the country. Our observed mortality rate also suggests that there has been minimal change in the incidence of PRF or its attendant mortality over the last 10 years.
The impact of performance status on outcomes is well documented in literature, with many studies reporting that patients with limited independence have poor outcomes. [25] [26] [27] Like Arozullah et al, 7 this study also found dependent functional status to be a risk factor associated with PRF. Higher ASA class, The estimate and the SE refer to the estimate of the logistic regression coeffi cient for the specifi c variable and its associated SE. C-statistic, 0.894. See Table 1 Physicians have long quoted the most current literature to explain risks of adverse outcomes associated with a procedure. This has not always been an easy task, as each patient is different with a unique set of risk factors. Thus, this risk calculator will simplify the informed consent process by estimating the risk of PRF, and we envision its use preoperatively by the physicians/surgeons. It may also be used to hold ICU beds prior to surgery for patients who otherwise appear to be at low risk.
In spite of its many strengths, this study has a few limitations. Variables analyzed were limited to those recorded by NSQIP. Despite the data set being fairly comprehensive, with . 50 preoperative variables, some comorbidities, such as obstructive sleep apnea and history of venous thromboembolism, were not included. Similarly, pulmonary function test results may be relevant to many of the comorbidities and surgeries but are not available in NSQIP. Information on hospital volume is also not contained in NSQIP. The results of this study may not apply to hospitals that are not a part of NSQIP. However, this is unlikely given its diversity. Finally, whereas data collection is prospective in NSQIP, these data were retrospectively analyzed for the development and validation of the risk calculator.
In conclusion, PRF occurs postoperatively in around 3% of patients, and 25% of patients with PRF die within 30 days. PRF incidence is similar in academic, community, and VA hospitals, with similar effects on 30-day mortality. There has been no decline in these numbers in the last decade. The high association of PRF with mortality emphasizes the importance of risk estimation and preoperative optimization. This risk calculator, with its high discriminative/ predictive ability for PRF, is a step in that direction.
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second model is incurred with this strategy. In addition, the previous indices did not provide an actuarial estimate of risk; instead, patients were classifi ed as being at high risk/intermediate risk/low risk for developing complications. With the PRF risk calculator, we instead provide an exact model-based estimate of PRF probability for a patient. This approach is more precise than a point system, but it may be less simple for some users to implement. However, as clinicians take advantage of new, hand-held computer-based technologies to use pharmacopeias and clinical management guidelines, it is our belief that a risk calculator will fi nd widespread use and assist physicians and surgeons in making clinical decisions.
Apart from identifying high-risk patients, we foresee the risk calculator as an important tool in the informed consent process. The process of patientcentered informed consent requires the presentation of adequate information regarding risks and benefi ts. 28 Accurate individualized assessment of PRF, which contributes greatly to morbidity and mortality, would certainly assist in meeting the latter objective. 
